Genomics, Proteomics & Bioinformatics, 2025, 23(6), qzaf115
https://doi.org/10.1093/gpbjnl/qzaf115

Advance access publication: 21 November 2025
Review

Computational Analyses and Challenges of Single-cell
ATAC-seq

Chenfei Wang ®'?, Jiaojiao Zhou ®3, Hong Zhang (®3, Zihan Zhuang ®*, Gali Bai ®°,
Ming Tang ®°, Song Liu ®%*, Tao Liu ®**

"Key Laboratory of Spine and Spinal Cord Injury Repair and Regeneration of Ministry of Education, Department of Orthopedics, Tongji
Hospital, School of Life Science and Technology, Tongji University, Shanghai 200092, China

2Frontier Science Center for Stem Cells, School of Life Sciences and Technology, Tongiji University, Shanghai 200092, China
3Department of Biostatistics and Bioinformatics, Roswell Park Comprehensive Cancer Center, Buffalo, NY 14263, USA

*Department of Computational Biology, College of Agriculture and Life Sciences, Cornell University, Ithaca, NY 14850, USA
SDepartment of Data Science, Dana-Farber Cancer Institute, Boston, MA 02215, USA

*Corresponding authors: tao.liu@roswellpark.org (Liu T), song.liu@roswellpark.org (Liu S).
Handling Editor: Ting Wang

Abstract

Single-cell Assay for Transposase-Accessible Chromatin using sequencing (scATAC-seq) has emerged as a powerful technique to study cell-
specific epigenetic landscapes and to provide a multidimensional portrait of gene regulation. However, low genomic coverage per cell results in
intrinsic data sparsity and missing-data issues, presenting unigue methodological challenges. Consequently, numerous computational methods
and techniques have been developed to address these challenges. This review provides a concise overview of published workflows for
scATAC-seq analysis, covering preprocessing through downstream analysis including quality control, alignment, peak calling, dimensionality re-
duction, clustering, gene regulation score calculation, cell type annotation, and multiomics integration. Additionally, we survey key scATAC-seq
databases that offer curated, accessible resources; discuss emerging deep-learning methods and Artificial Intelligence (Al) foundation models
tailored to scATAC-seq data; and highlight recent advances in spatial ATAC-seq technologies and associated computational approaches. Our ob-
jective is to equip readers with a clear understanding of current scATAC-seq methodologies so they can select appropriate tools and construct
customized workflows for exploring gene regulation and cellular diversity.
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Introduction

Studying chromatin accessibility is crucial as it reveals regula-
tory mechanisms controlling gene expression and cellular
identity. Assay for Transposase-Accessible Chromatin using
Sequencing (ATAC-seq), which profiles genome-wide chro-
matin accessibility by inserting sequencing adapters into open
chromatin regions via a Tn§ transposase, has emerged as the
most popular method due to its simplicity and sensitivity [1].
However, bulk ATAC-seq measures the averaged chromatin
landscape of pooled cells, obscuring cell-to-cell variability.
Recent advances in single-cell genomics have enabled the in-
terrogation of cellular behavior at unprecedented resolution
[2]. Its adaptation on ATAC-seq, known as single-cell
ATAC-seq (scATAC-seq), was introduced in 20135, enabling
the analysis of chromatin accessibility at an individual
cell level [1,3]. A range of scATAC-seq platforms has since
been developed, including nanowell-based (ICELLS),
microfluidics-based (Fluidigm C1), droplet-based (10X
Genomics Chromium), and combinatorial indexing-based
approaches, each with distinct advantages and trade-offs
discussed in a dedicated review [4].

However, the relatively small number of sequenced DNA
fragments obtained from each cell, when compared to bulk
ATAC-seq [5] can lead to intrinsic sparsity in scATAC-seq
data, posing unique challenges for data analysis and interpre-
tation [6]. To address this, a suite of computational methods
has been developed to optimize each step of the scATAC-seq
workflow, from preprocessing steps such as alignment, qual-
ity control, and construction of feature-by-cell matrices to
downstream analyses including dimensionality reduction,
clustering, identification of differentially accessible regions
(DARs), trajectory inference, and integration with transcrip-
tomic data. Together, these approaches enhance the inter-
pretability of sparse chromatin landscapes and facilitate
insights into dynamic regulatory programs. Continued inno-
vation in experimental protocols, including spatially resolved
profiling, and in analytical strategies, such as those leveraging
large-scale and specialized Artificial Intelligence (AI) models,
is expected to further advance our understanding of
chromatin-mediated gene regulation at single-cell resolution.

This review outlines the scATAC-seq analysis workflow,
highlights key computational tools and databases, and exam-
ines the underlying principles. We focus on recent advances
and provide practical guidance for effective data analysis.

Overview of scATAC-seq data analysis

As with other single-cell modalities, scATAC-seq analysis
begins with the construction of a feature-by-cell matrix,
where features represent genomic regions of either fixed or
variable size, and entries reflect chromatin accessibility within
each cell. A primary challenge in analyzing scATAC-seq data is
the extreme sparsity of this matrix: it often comprises thou-
sands to millions of features, with most entries being zero. This
sparsity, combined with the complexity of the data, poses sig-
nificant analytical hurdles across all scATAC-seq platforms.
Another limitation is the lack of well-defined cell-type markers
based on chromatin accessibility alone, which often necessi-
tates integration with complementary datasets such as single-
cell transcriptomics [single-cell RNA sequencing (scRNA-seq)]
[7,8]. Accordingly, multiomics integration has become
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essential for accurate cell type annotation and functional
interpretation.

To address these challenges, a growing suite of computa-
tional methods and tools has been developed, each requiring
careful consideration depending on the analytical goals. In
the following sections, we outline existing analysis packages
and organize the scATAC-seq workflow into six major com-
ponents: (1) preprocessing and quality control; (2) dimen-
sionality reduction; (3) clustering of cells; (4) embedding
visualization; (5) downstream analysis, including differential
accessibility, cell type annotation, regulatory element infer-
ence, and trajectory analysis; and (6) integration with other
assays, particularly with scRNA-seq data (Figure 1).

Summary of analysis packages

The bioinformatic analysis of scATAC-seq data requires an
array of computational, mathematical, and statistical tools to
process, organize, visualize, and interpret high-dimensional
sequencing data. To streamline this complex workflow,
researchers have developed software pipelines, integrated sets
of algorithms and tools executed in a predefined sequence,
that serve as common entry points for data analysis (see Table 1
for definitions of terminologies). These pipelines offer several
advantages: they automate and standardize key steps, saving
time and computational effort; they facilitate reproducibility;
they ensure compatibility between components; and they often
include user-friendly interfaces, documentation, and tutorials.
Many also provide publication-ready figures and summary
reports, enhancing accessibility for researchers across disciplines.

However, no single pipeline covers the full spectrum of
scATAC-seq analyses. It is therefore critical to understand the
scope, strengths, and limitations of each package, especially
when integrating outputs into more specialized tools. We
summarize the representative scATAC-seq analysis packages
in Table S1, including: Cellranger-ATAC/ARC [9], APEC
[10], Cicero [11], ArchR [12], MAESTRO [13], Signac [14],
EpiScanpy [15], scATAC-pro [16], Destin [17], chromVAR
[18], RA3 [19], scABC [20], scOpen [21], SnapATAC [22],
cisTopic [23], Scasat [24], SCRAT [25], scATACpipe [26],
and scVI/PeakVI [27]. As most of these packages are actively
maintained and updated, we provide documentation links and
recommend consulting the respective websites for the latest
versions and feature updates (Table S1).

Preprocessing and quality control

Preprocessing of scATAC-seq data starts with barcode-aware
alignment of adapter-trimmed reads to a reference genome;
many pipelines perform trimming, read filtering, and barcode
correction within this alignment step. Aggregated fragments are
then passed to peak callers to delineate candidate accessible
regions. Only after these regions are defined are quality-control
metrics such as total fragments per cell, insertion-length period-
icity, transcription-start-site enrichment, and the fraction of
fragments in peaks or blacklist loci calculated to exclude low-
quality cells and establish the usable cell population. A feature-
by-cell matrix is subsequently assembled: rows represent either
data-driven peaks or predefined fixed genomic bins, and col-
umns correspond to individual barcoded cells. Fragment counts
are normalized for library size and corrected for batch or other
technical effects, and data transformations such as binarization,
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Figure 1 Overview of the scATAC-seq data analysis pipeline

This schematic illustrates the key computational steps in scCATAC-seq data analysis. Starting from raw sequencing reads, the workflow proceeds through
quality control, alignment, and peak calling to generate a chromatin accessibility matrix. This matrix is subsequently normalized and reduced in
dimensionality to retain key biological signals while mitigating technical noise. Downstream analyses include clustering to identify groups of cells with
similar accessibility profiles and low-dimensional embedding for visualization. Cell type annotation, often aided by integration with scRNA-seq data,
enables biological interpretation, while differential accessibility analysis reveals cell-type-specific regulatory elements. Additional analyses, including motif
enrichment, Cistrome association, and TF footprinting, further elucidate the regulatory architecture. Integration of scATAC-seq with scRNA-seq can
follow two major strategies: computing gene activity scores from chromatin accessibility profiles for alignment with expression data, or joint analysis

through co-embedding when both modalities are measured in the same cells.

Each computational step involves distinct challenges and is supported by

specialized tools, which are reviewed in this article. scATAC-seq, single-cell Assay for Transposase-Accessible Chromatin using sequencing; scRNA-seq,
single-cell RNA sequencing; DAR, differentially accessible region; TF, transcription factor.

Term Frequency-Inverse Document Frequency (TF-IDF) weight-
ing, and optional imputation reduce sparsity and standardize
the matrix, yielding an analysis-ready representation of genome-
wide chromatin accessibility for downstream dimensionality re-
duction and clustering.

Read preprocessing and alignment

Preprocessing tasks such as adapter trimming, barcode pars-
ing and correction, and deduplication are performed prior to

or alongside alignment, often using tools like Trimmomatic
[28] or custom scripts. During this stage, cell barcodes are
extracted and corrected so that each read can be associated
with its cell of origin. Alignment then refers specifically to
mapping sequencing reads to the reference genome. Popular
aligners for short-read sequencing include Bowtie2 [29],
BWA [30], Hisat2 [31], minimap2 [32], and Chromap [33].
Among these, BWA is widely adopted and integrated into
pipelines such as Cellranger-ATAC or Cellranger-ARC for
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Table 1 Definition of terminologies

Term Definition

Algorithm A defined set of computational steps or rules designed
to solve a specific problem or perform a particular
task

Tool A standalone software application or script that per-
forms a specific function within a larger analytical
process

A collection of interrelated tools developed to address
a range of tasks within a particular analytical domain
A bundled software resource that may include tools,
libraries, and scripts, often providing a comprehensive
solution for a specific type of analysis

A high-level schematic of the analytical process, out-
lining the sequence of steps from data preprocessing
to downstream interpretation

An integrated set of tools or scripts executed in a pre-
defined sequence to automate specific stages of the
analysis, ensuring efficiency and reproducibility

Toolkit

Package

Workflow

Pipeline

10X Genomics data. Chromap, designed specifically for
chromatin-profiling data, integrates alignment with adapter
trimming, barcode correction, and deduplication, and has
been reported to be up to 16-fold faster than BWA due to its
minimizer-based strategy [33].

Peak calling

Peak calling identifies genomic regions enriched for
transposase-accessible chromatin, serving as proxies for regu-
latory activity. These genomic regions, or “peaks”, are
detected by statistical algorithms that distinguish signal from
background noise. Due to the low coverage of individual
cells, peak calling is typically performed on aggregated reads
from all cells to define a set of consensus peaks. These peaks
form the basis of the feature-by-cell matrix used in down-
stream analyses. Cluster- or cell-type-specific peaks can also
be identified by aggregating reads post-clustering. MACS
[34], originally developed for chromatin immunoprecipita-
tion followed by sequencing (ChIP-seq), remains the most
widely used peak caller in scATAC-seq workflows due to its
robustness and scalability.

Controlling data quality

Quality control (QC) is essential for scATAC-seq analysis,
with most toolkits offering built-in QC modules and visuali-
zation. Dedicated tools such as Dr.seq2 [35] also provide
comprehensive QC assessments. QC is typically conducted at
multiple levels: read level (e.g., using FastQC [36]), bulk
dataset level, single-cell level, and cluster level. Here we list
the common QC criteria.

Total reads per cell

This metric reflects sequencing depth. Cells with very low
read counts may lack informative signal, while excessively
high counts may indicate doublets or technical artifacts.
Thresholds are typically set based on the distribution of reads
per cell.

Insertion length distribution

This metric reflects library quality. Insertion lengths from
aligning paired-end reads should exhibit clear nucleosome pe-
riodicity, corresponding to mono- and multi-nucleosome
spacing. Enrichment of short fragments is expected, as they
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primarily arise from accessible chromatin regions rather than
nucleosome linker regions. This distribution can be assessed
at the bulk or cluster level.

TSS enrichment

Reads are expected to accumulate at transcription start sites
(TSSs) of active genes, where the chromatin is accessible. The
TSS enrichment score, calculated as a signal-to-noise ratio
around TSSs [37], serves as a robust QC indicator. High
scores suggest good library quality, while low scores may in-
dicate technical issues. This metric also facilitates filtering of
low-quality cells at the single-cell level.

Fraction of fragments in peaks

This signal-to-noise ratio metric represents the proportion
of reads falling within ATAC-seq peaks. Low fractions (e.g.,
< 15%-20%) often indicate poor-quality cells. An alterna-
tive approach is to assess the fraction of fragments mapping
to predefined regions of expected chromatin accessibility,
such as DNase I hypersensitive sites (DHSs) aggregated from
ENCODE cell lines. The ENCODE blacklist [38], which
marks regions prone to artifactual signal, can also be used to
exclude low-quality cells with disproportionate read mapping
to these loci.

Building the data matrix

In scATAC-seq analysis, the data matrix represents chromatin
accessibility across single cells, with rows corresponding to ge-
nomic features and columns to individual barcoded cells.
Unlike scRNA-seq, where the matrix captures gene expression,
scATAC-seq matrices quantify accessibility, typically as read
counts across genomic regions. The raw read count matrix will
be further transformed (see the “Transforming data” section).
Additional matrix types can be generated depending on the an-
alytical objective, including gene activity scores, motif occur-
rences, k-mer frequencies, or base-pair resolution insertion
profiles [39].

Peak-based matrices

Quantify chromatin accessibility as read coverage across de-
fined genomic regions per cell, typically identified by peak call-
ing or derived from external annotations such as ENCODE
DHSs or candidate cis-regulatory elements (cCREs) [40].
Promoter regions or gene bodies may also be used when focus-
ing on gene-level regulation. However, predefined regions may
miss rare, cell-type-specific elements. To address this, cluster-
specific peaks can be identified post hoc and incorporated into
the feature set to enhance resolution.

Bin-based matrices

Segment the genome into uniformly sized, non-overlapping
bins and quantify read coverage per bin per cell. This ap-
proach avoids reliance on predefined regions and can capture
accessibility in rare or unannotated elements. However, bin
size selection is critical: smaller bins increase resolution but
also sparsity and computational load, while larger bins may
obscure fine-scale regulatory features. Tools such as ArchR
[12] implement this strategy using 500-bp bins.

Beyond genomic region-based approaches, other feature
matrices leveraging base-pair resolution have also been devel-
oped. ChromVAR [18] constructs motif-by-cell matrices by
mapping reads to transcription factor binding motifs, en-
abling the inference of variability in motif accessibility across
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cells. BROCKMAN [41] generates k-mer-by-cell matrices by
counting the occurrence of short nucleotide sequences (k-
mers) in each cell. The choice of k affects sensitivity and com-
putational cost, with shorter k-mers offering finer resolution
but increasing complexity, while longer k-mers reduce
sensitivity.

Removing biases

Mitigating technical biases in scATAC-seq is essential to en-
sure that downstream analyses reflect true biological varia-
tion. Key sources of bias include multiplets, batch effects, and
sequence-specific cleavage preferences inherent to the Tn$
transposase employed in scATAC-seq.

Detecting and removing multiplets

Multiplets, instances where two or more cells (or more pre-
cisely in most of scATAC-seq experiments, nuclei) are cap-
tured together, can distort clustering, annotation, and
differential analyses by producing artificial hybrid profiles.
Detection strategies fall into two main categories: simulation-
based and count-based. Tools like Scrublet [42], scDblFinder
[43], and ArchR [12] simulate doublets and identify cells re-
sembling these synthetic profiles. In contrast, AMULET [44]
applies a count-based approach, flagging cells with read
counts inconsistent with diploid expectations across accessi-
ble regions.

Correcting batch effects

Batch effects arise from technical variation across replicates,
such as differences in library preparation, sequencing runs, or
sample handling [45]. These artifacts can mask biological sig-
nals and hinder cross-sample comparisons. Although careful
experimental design is ideal, computational methods are
widely used for correction. Approaches originally developed
for scRNA-seq, including Harmony [46], ComBat [47], CCA
[48], MNN [49], deepMNN [50], and fastMNN [49], are in-
creasingly adapted for scATAC-seq. Additionally, scATAC-
seq-specific methods such as PeakVI [27] and BAVARIA [51]
use variational autoencoders (VAEs) [52] to model and cor-
rect signal distributions across cells and batches.

Correcting cleavage bias

The TnS transposase exhibits sequence preference, leading to
cleavage bias in ATAC-seq data [53]. This issue is particu-
larly problematic in sparse single-cell datasets. SELMA [54]
addresses this by modeling intrinsic cleavage bias using a
k-mer-based approach with simplex encoding. It leverages
mitochondrial DNA reads, assumed to be constitutively ac-
cessible, to estimate bias, even when only a small fraction of
such reads is available. SELMA then assigns a Peak Bias
Score (PBS) to each region and applies a weighting function,
derived from PBS percentiles and optimized for consistency
with scRNA-seq-based cell classification, to adjust the peak-
by-cell matrix prior to downstream analyses.

Transforming data

Unlike scRNA-seq, where features are defined as genes,
scATAC-seq matrices use a broader range of genomic fea-
tures, including peaks, bins, or motifs. To facilitate down-
stream analyses such as clustering and dimensionality
reduction, various data transformations are typically applied
to the raw read count matrix.

Binarization

Binarization converts counts into binary values representing
accessibility, with “1” for accessible and “0” for inaccessible
regions, based on the assumption that each site can only be
present in a limited number (e.g., twice in a diploid genome).
This simplifies calculations and reduces the impact of amplifi-
cation noise, but it also discards quantitative information and
overlooks allele-specific signals or copy number variation,
which may be biologically relevant in contexts such as cancer.

TF-IDF transformation

Originally developed for text mining, the TF-IDF method is
widely used in scATAC-seq to weight features by their infor-
mativeness across cells. Here, cells are treated as documents,
and genomic regions (e.g., peaks or bins) as terms. TF meas-
ures the frequency of a region within a cell, while IDF down-
weighs regions found commonly in many cells. The product
of TF and IDF highlights rare but informative features, im-
proving the signal for downstream dimensionality reduction
and clustering.

Imputation of missing data

scATAC-seq data are inherently sparse due to limited library
complexity, which constrains the total number of unique
fragments that can be recovered from a single cell. Although
newer protocols such as ISSAAC-seq [55] have improved cov-
erage, the number of observed fragments remains far below
the number of accessible sites per cell type [56]. Imputation
methods aim to recover missing signals by borrowing infor-
mation from similar cells, enhancing data completeness and
interpretability. The utility of imputation remains debated
[57,58], but when applied carefully, it can improve down-
stream analysis. Simple approaches like k-nearest neighbors
(kNN) replace missing values with averages from neighbor-
ing cells but are sensitive to parameter choice and outliers.
More sophisticated methods include scOpen [21], using non-
negative matrix factorization (NMF) to decompose the ma-
trix into lower-dimensional latent factors, and MAGIC [59],
using diffusion on a cell similarity graph to impute values.
While NMF captures broad structure and MAGIC effectively
models local similarity, both approaches can be computation-
ally intensive and may introduce smoothing artifacts if not
carefully tuned.

Dimensionality reduction

As in other single-cell assays, the feature space of scATAC-
seq data is inherently large, often more so than scRNA-seq,
with matrix dimensionality ranging from thousands to mil-
lions of features depending on the representation used (e.g.,
peak- vs. bin-based). Dimensionality reduction aims to proj-
ect high-dimensional data into a lower-dimensional space
while preserving essential biological variation and minimizing
noise, redundancy, and technical artifacts. In scATAC-seq,
this step is critical for downstream tasks such as clustering,
visualization, and trajectory inference. Common approaches
include general-purpose methods like principal component
analysis (PCA) and singular value decomposition (SVD), as
well as topic modeling techniques such as latent semantic
indexing (LSI), latent Dirichlet allocation (LDA), NMF, and
multidimensional scaling (MDS). Many of these methods are
also employed in related tasks, including imputation, trans-
formation, and multiomics integration.
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PCA and SVD

PCA and SVD are classical linear techniques for dimensional-
ity reduction that aim to capture the most meaningful varia-
tion in high-dimensional data. PCA identifies orthogonal
axes (principal components) along which variance is
maximized, projecting data into a lower-dimensional space
defined by these components. SVD, a related matrix factori-
zation method, decomposes the original matrix into orthogo-
nal left and right singular vectors, with singular
values reflecting the variance captured along each axis.
Dimensionality is reduced by retaining only components cor-
responding to the largest singular values.

While PCA and SVD are widely used in scRNA-seq analy-
sis, their direct application to scATAC-seq is limited by the
higher dimensionality and extreme sparsity of accessibility
matrices. Consequently, applying PCA or SVD directly to
raw count matrices is generally ineffective. Instead, these
techniques are tailored for scATAC-seq by operating on
transformed data, such as SVD applied to TF-IDF-
normalized binarized matrices, as employed in LSI, de-
tailed below.

LSI, LDA, and NMF

To address the sparsity and nonlinearity of scATAC-seq data,
topic modeling techniques originally developed for natural
language processing have been adapted for dimensionality re-
duction. Methods such as LSI [60], LDA [61,62], and NMF
[63] model relationships between features (e.g., peaks or
bins) and cells analogously to how documents relate to words
and topics in text analysis.

LSI applies SVD to a TF-IDF-transformed matrix, identify-
ing latent components that capture co-accessibility patterns.
It is widely used due to its simplicity and computational effi-
ciency and is implemented in tools such as Signac [14],
ArchR [12], and EpiScanpy [15]. ArchR, for example,
employs an iterative LSI strategy: it begins with a subset of
highly variable features and cells, performs SVD, projects
remaining cells into the reduced space, and refines feature
selection and dimensionality iteratively to improve cluster-
ing resolution.

LDA is a generative probabilistic model that infers two dis-
tributions: topic-cell and region-topic. Each cell is modeled as
a mixture of latent topics, and each topic as a distribution
over accessible regions. Originally developed for population
genetics [61] and text mining [62], LDA has been applied to
scATAC-seq in tools such as cisTopic [23], where topics cor-
respond to regulatory programs across cell populations.

NMF factorizes a non-negative data matrix, such as a
TF-IDF-transformed accessibility matrix, into two lower-
dimensional matrices representing term-by-topic and
topic-by-cell relationships. By reducing the number of latent
topics relative to the original features, NMF achieves dimen-
sionality reduction while preserving biological interpretabil-
ity. NMF is implemented in scOpen [21] and is also used in
some imputation workflows.

MDS and diffusion maps

MDS [64], implemented in Scasat [24], is a classical tech-
nique for reducing dimensionality by preserving pairwise dis-
tances between data points in a lower-dimensional space.
Similarly, SnapATAC [22] applies diffusion maps, which
model local data structure as a diffusion process on a graph,
effectively capturing cell—cell relationships. Both approaches
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require constructing similarity matrices commonly using the
Jaccard distance, which compares the overlap between sets of
accessible features (e.g., peaks or bins) across cells. The
Jaccard distance is defined as the size of the intersection di-
vided by the union of two sets, ranging from 0 (no overlap)
to 1 (identical sets).

Regardless of the method used, the choice of the number of
dimensions is a tunable parameter, whether principal compo-
nents in PCA, singular values in SVD, latent topics in LSI,
LDA, or NMF, or output dimensions in MDS or diffusion
maps. This value is often selected using heuristics such as the
elbow method, which evaluates the trade-off between model
complexity and retained variance or reconstruction error.

Clustering of cells

A central aim of scATAC-seq analysis is to identify cell popu-
lations with distinct chromatin accessibility profiles, thereby
revealing regulatory heterogeneity within complex tissues.
Clustering is typically performed on a reduced-dimensional
representation of the data, which emphasizes informative
features while mitigating noise and computational burden. In
this section, we describe conventional clustering techniques,
including k-means, hierarchical, and density-based methods,
before introducing graph-based algorithms. The latter have
been deemed more suitable approaches for single-cell analy-
ses, due to their scalability and adeptness at capturing com-
plex cellular relationships.

K-means/medoids clustering

K-means, a centroid-based algorithm, partitions cells by min-
imizing the sum of squared distances to cluster centroids. It is
computationally efficient but assumes linear separability and
is sensitive to outliers. In contrast, k-medoids represents each
cluster by actual data points (medoids), offering greater ro-
bustness to noise and non-linear boundaries. Consequently,
k-medoids is preferred in scATAC-seq applications where
data often lack linear separability; tools such as scABC [20]
and Scasat [24] adopt this approach. However, both methods
require predefining the number of clusters (k), are sensitive to
initialization, and exhibit suboptimal performance on non-
spherical structures prevalent in scATAC-seq data.

Hierarchical clustering

Hierarchical clustering builds a tree-like structure by itera-
tively merging cells or clusters based on their pairwise simi-
larity, starting with each cell as an individual cluster. The
resulting dendrogram captures nested relationships among
cells and can be cut at a chosen threshold to define discrete
clusters. While less commonly used in scATAC-seq than
graph-based approaches, hierarchical clustering is imple-
mented in tools such as cisTopic, where it is applied to topic-
by-cell matrices to reveal cell groupings.

Density clustering

Density-based clustering identifies groups of cells concen-
trated in high-density regions of the feature space without re-
quiring predefined cluster numbers. In scATAC-seq analysis,
it is typically applied to the dimensionality-reduced feature
matrix to mitigate the impact of sparsity, rather than to
visualization-oriented embeddings such as #-Distributed
Stochastic Neighbor Embedding (-SNE) or Uniform
Manifold Approximation and Projection (UMAP), which do

920z fsenuer zo uo 1sanb Aq 6£001£8/S | LiezZb/9/cz/e10nie/qdb/woo dno-olwapeoe//:sdiy Wwol) papeojuMo(]



Wang C et al / scATAC-seq: Computational Analysis and Challenges

not preserve density information. The most widely used algo-
rithm in this category is Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) [65], implemented in
tools such as MAESTRO [13] and SCRAT. DBSCAN is effec-
tive at detecting clusters of varying shapes and separating
noise, though its performance is contingent on parameter op-
timization, particularly in datasets exhibiting uneven density.

Graph-based clustering

Graph-based methods have emerged as prominent
approaches for clustering in single-cell analysis due to their
ability to capture complex relationships in high-dimensional
data. These methods begin by constructing a kNN graph
from the dimensionality-reduced matrix, where each cell is a
node connected to its k most similar neighbors based on a
distance metric, typically Jaccard, Euclidean, Manhattan, or
cosine similarity, in scATAC-seq analysis. The choice of k
influences graph connectivity: higher values yield denser
graphs, while lower values emphasize local structure. Once
the kNN graph is constructed, community detection algo-
rithms such as Louvain and Leiden are applied to identify dis-
crete cell clusters.

Louvain clustering

The Louvain algorithm [66] detects communities by maxi-
mizing modularity, a metric that evaluates how densely con-
nected nodes are within clusters compared to between
clusters. It is widely used in scATAC-seq to group cells with
similar chromatin accessibility profiles. The Smart Local
Moving (SLM) algorithm [67], an enhanced variant of
Louvain, refines modularity optimization through local node
movements, improving cluster resolution. SLM is imple-
mented in packages such as Signac [14].

Leiden clustering

The Leiden algorithm [68] further improves upon Louvain
and SLM by optimizing a cost function called stability, which
measures the persistence of clusters under perturbation. It
offers improved robustness and reproducibility, especially in
noisy datasets. Leiden clustering is supported in packages
such as EpiScanpy [15], and is increasingly preferred for its
scalability and consistency across diverse single-cell
applications.

Embedding visualization

Low-dimensional embeddings are commonly used to visual-
ize scATAC-seq data in two or three dimensions, enabling
intuitive exploration of cell-to-cell variation. While this is
technically a form of dimensionality reduction, the goal is
specifically to preserve local and global structure for visuali-
zation, rather than for downstream analysis. Although
methods like PCA can be used, non-linear techniques such
as t-SNE [69] and UMAP [70] are preferred for their ability
to capture complex relationships in 2D or 3D space.
Importantly, these embeddings are typically not used as input
for clustering or other downstream analyses, as they are opti-
mized for display rather than feature representation.

t-SNE

t-SNE [69] is a widely used method for visualizing high-
dimensional single-cell data, including scATAC-seq, in two
or three dimensions. It aims to preserve local structure by

mapping similar cells close together in the embedding space,
making it particularly effective for revealing discrete clusters.

The algorithm constructs a probability distribution over
cell pairs in the high-dimensional space, typically based on a
similarity measure such as a Gaussian kernel applied to the
kNN graph, and seeks a low-dimensional representation with
a matching distribution. It then minimizes the Kullback-
Leibler (KL) divergence between the two distributions using
gradient descent, iteratively adjusting coordinates until
convergence.

The resulting 2D or 3D embedding enables intuitive visual-
ization, where cell clusters appear as distinct groupings and
outliers are spatially separated. While #-SNE excels at pre-
serving local structure, it does not reliably capture global
relationships and is sensitive to parameter choices, such as
perplexity and initialization.

UMAP

UMAP [70] is a non-linear dimensionality reduction tech-
nique that, like -SNE, constructs a kNN graph to model rela-
tionships between cells. It aims to preserve both local and
global structures by minimizing the cross-entropy between
the high- and low-dimensional representations [71], yielding
a layout well-suited for visualization.

Compared to #-SNE; UMAP is computationally more effi-
cient and scales better to large datasets. It also tends to better
preserve global structure, resulting in more continuous trajec-
tories and spatially coherent clusters. The method is relatively
robust to parameter changes, with the parameter for the
number of neighbors to be considered serving as a key con-
trol for the balance between local and global preservation;
lower values emphasize local relationships, while higher val-
ues retain broader structure.

Due to its scalability, speed, and flexibility, UMAP has be-
come a widely used embedding method in scATAC-seq and
other single-cell applications.

Downstream analysis

Downstream analyses in scATAC-seq are essential for inter-
preting the regulatory landscape and linking chromatin acces-
sibility to gene function and cell identity. These analyses
provide insights into gene regulation, lineage trajectories, and
cis-regulatory architecture. Key downstream tasks include:

1) Gene Regulatory Scoring: Quantifying the relationship
between chromatin accessibility and nearby gene activity.

2) Cell Type Annotation: Assigning biological meaning to
cell clusters by integrating chromatin profiles with
known marker genes or matched transcriptomic data.

3) Differential Accessibility Analysis: Identifying DARs be-
tween cell types or states to uncover regulatory elements
driving cell identity.

4) Regulatory Element Inference: Discovering transcription
factor motifs, Cistromes, and footprinting signatures
within DARs to reveal upstream regulators.

5) Trajectory Inference: Reconstructing developmental or
dynamic epigenetic trajectories from chromatin accessi-
bility patterns.

6) Co-accessibility Analysis: Linking distal regulatory ele-
ments (e.g., enhancers) to target genes by identifying sta-
tistically co-accessible regions across single cells.
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Gene regulatory scoring

Gene regulation scores quantify the contribution of chroma-
tin accessibility to gene activity at the single-cell level, en-
abling the conversion of peak- or bin-level accessibility data
into a gene-by-cell matrix. This transformation facilitates bi-
ological interpretation and allows for the application of ana-
lytical frameworks developed for scRNA-seq, including
differential gene activation and multiomics integration.

Several strategies have been developed to estimate gene reg-
ulation scores from scATAC-seq data. A basic approach
involves counting reads within promoter regions, under the
assumption that promoter accessibility correlates with tran-
scriptional activity. More refined methods incorporate reads
from both promoters and gene bodies, or apply smoothing
techniques across gene regions, as implemented in tools such
as Signac [14] and SnapATAC [22].

Advanced methods, such as those used in MAESTRO [13]
and ArchR [12], calculate gene scores as a weighted sum of
chromatin accessibility signals from regions surrounding the
TSSs, including distal regulatory elements. Weights are typi-
cally assigned based on genomic distance, often using expo-
nential decay functions. In a comprehensive benchmarking
study [12], the authors compared 56 approaches and found
that models integrating promoter, gene body, and distal ele-
ment accessibility, with distance-based weighting, provided
the most accurate reflection of gene regulatory activity.

Cell type annotation

Accurate cell type annotation is essential for interpreting
scATAC-seq data, enabling the identification of cell-type-spe-
cific regulatory landscapes, improving reproducibility, and
uncovering novel cellular subpopulations. Two main strate-
gies are commonly used: annotation based on gene regulatory
scores derived from scATAC-seq, and label transfer from ref-
erence gene expression datasets such as scRNA-seq.

The first approach mirrors strategies from scRNA-seq,
where differentially activated genes (based on regulatory
scores) are matched to known marker genes from curated
databases, including CellMarker [72], PanglaoDB [73], the
Human Cell Atlas [74], and Tabula Muris [75]. However,
regulatory scores from scATAC-seq do not always correlate
positively with gene expression, limiting the accuracy of
marker-based annotation when used in isolation.

Given the increasing prevalence of multiomics designs, a
more robust strategy involves label transfer from matched
scRNA-seq datasets. This approach aligns chromatin accessi-
bility profiles with annotated transcriptomic references using
integration methods described in the “Multiomics integra-
tion” section. Comparative evaluations [76] have demon-
strated that label transfer improves annotation accuracy and
consistency, making it the preferred method when both data
types are available.

Differential accessibility analysis

Identifying DARs between cell types or clusters is central to
characterizing cell-type-specific regulatory landscapes in
scATAC-seq. By comparing chromatin accessibility profiles
across groups of cells, DARs highlight genomic regions, typi-
cally peaks or bins, that are more accessible in one group
than another.

Unlike bulk assays, where traditional tools like DESeq2
[77], edgeR [78], or Limma [79] are used, scATAC-seq
presents distinct statistical challenges due to its high sparsity
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and large sample sizes (i.e., many cells). Treating each cell as
an independent observation violates assumptions of conven-
tional methods. Instead, non-parametric tests, particularly
the Wilcoxon rank-sum test, have shown better performance
for identifying DARs in this context [80]. This approach is
now the default in several widely used scATAC-seq toolkits,
including ArchR [12], Signac [14], and MAESTRO [13].

Discovering key regulatory events in DARs

DARs provide a valuable entry point for identifying key tran-
scription factors (TFs) and regulatory programs active across
cell types or states. By linking DARs to transcription factor
binding motifs [81], Cistromes [82], and footprinting pat-
terns [83], researchers can infer cell-type-specific regulatory
mechanisms underlying differentiation and lineage specifica-
tion. Together, these approaches enable comprehensive
characterization of TF activity and regulatory circuits in
single-cell epigenomic landscapes.

Motif enrichment analysis

TF motif enrichment can be assessed in DARs using tradi-
tional tools developed for bulk data, including HOMER [84]
and MEME [85], with motif libraries such as JASPAR [86]
and Cistrome [82]. These analyses scan DAR sequences for
overrepresented motifs corresponding to candidate TFs.
ChromVAR supports single-cell resolution by generating
motif-by-cell matrices and computing deviations in motif ac-
cessibility across the entire cell population, enabling direct
identification of differentially enriched motifs [18].

Cistrome enrichment analysis

The Cistrome database [82] aggregates genome-wide
profiles and chromatin accessibility data from ChIP-seq and
ATAC-seq experiments across diverse cell types. Tools such
as MAESTRO [13] leverage this resource to link DARs with
candidate TFs by querying for enriched overlaps using
GIGGLE [87], a genomic interval search tool. GIGGLE cal-
culates enrichment statistics and generates a ranked list
of candidate TFs for each cell type or cluster. These can be
further prioritized by weighting with gene regulation scores
derived from scATAC-seq.

Footprinting analysis

TF binding induces localized changes in chromatin structure,
such as nucleosome displacement and recruitment of chroma-
tin remodelers, that alter DNA accessibility. These changes
create characteristic “footprints”, observed as localized
depletions of transposase insertions at motif sites in ATAC-
seq data [88]. In scATAC-seq, footprinting analysis enables
the inference of direct TF-DNA interactions in a cell-type-
specific manner. To identify footprints, the genomic locations
of known TF motifs are mapped within accessible regions,
and aggregate insertion profiles are analyzed around these
sites. Differences in footprint depth across cell clusters can re-
veal dynamic TF binding activity. Footprinting functions are
supported in ArchR [12], scATACpipe [26] (built on ArchR),
and scATAC-pro [16], which integrates the HINT-ATAC
algorithm [89]. PRINT [39], a deep learning—based tool, has
been introduced to detect multi-scale TF footprints with im-
proved resolution. PRINT corrects for Tn5 sequence bias and
estimates footprint scores at base-pair resolution using adap-
tive kernels, enabling the detection of DNA-binding proteins
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with diverse binding site characteristics across enhancers
and promoters.

Trajectory and pseudotime analyses

Trajectory analysis in scATAC-seq aims to reconstruct dy-
namic biological processes, such as development, differentia-
tion, or response to stimuli, by modeling the progression of
chromatin accessibility states across single cells. Unlike
scRNA-seq, which infers pseudotime from gene expression,
scATAC-seq trajectory analysis captures changes in regula-
tory landscape, offering direct insight into the epigenetic
mechanisms driving cell state transitions. Cells are ordered
along a pseudotime axis based on accessibility profile similar-
ity, enabling the identification of regulatory elements and TFs
associated with specific transitions. This approach can also
reveal intermediate or transient cell states not readily appar-
ent from transcriptomic data. Several trajectory inference
tools originally developed for scRNA-seq are adaptable to
scATAC-seq. Monocle [90], included in pipelines such as
APEC [10], Cicero [11], ArchR [12], and Signac [14],
remains widely used. Slingshot [91], incorporated into RA3
[19], offers an alternative lineage inference framework.
Additionally, STREAM [92] can infer trajectories from k-
mer-by-cell matrices generated by chromVAR [18], enabling
regulatory trajectory analysis based on sequence features.

Co-accessibility and linking accessibilities to genes

Co-accessibility analysis identifies pairs of chromatin regions,
such as enhancers and promoters, that exhibit correlated ac-
cessibility across single cells, suggesting coordinated regula-
tory activity, often through physical proximity in chromatin
loops. These correlations can help link distal regulatory ele-
ments to their target genes, enhancing interpretation of the
regulatory architecture captured by scATAC-seq. Statistical
models are used to compute co-accessibility scores between
genomic regions, generating interaction maps that infer puta-
tive enhancer—-promoter connections. Tools such as Cicero
[11] and ArchR [12] implement these methods, enabling
genome-wide identification of co-accessible regions and their
integration into gene regulatory networks.

Multiomics integration

Integrating scATAC-seq with complementary single-cell
assays, particularly scRNA-seq, enables a more comprehen-
sive understanding of gene regulation by linking chromatin
accessibility to transcriptional output. While scRNA-seq cap-
tures gene expression profiles, scATAC-seq reveals the under-
lying epigenetic landscape and regulatory potential. Joint
analysis of these modalities helps elucidate how chromatin
state shapes cell identity and function. Integration strategies
generally fall into two categories: cross-modality integration,
where scRNA-seq and scATAC-seq are generated from sepa-
rate but comparable cells, and multiomics profiling, where
both data types are obtained simultaneously from the same
cell. The choice of strategy depends on experimental design
and analytical goals.

Integrating gene regulation scores with scRNA-seq

Integration of scATAC-seq with scRNA-seq is facilitated by
converting chromatin accessibility profiles into gene regula-
tion scores, aligning the features of scATAC-seq with gene
expression in scRNA-seq. This transformation bridges the

modality gap, enabling the application of data integration
techniques to unify the datasets into a shared latent space.

Linear integration methods such as canonical correlation
analysis (CCA) [48] and mutual nearest neighbors (MNN)
[49] are used in tools like Seurat [48] and Signac [14] to iden-
tify anchor pairs between gene regulation scores and gene ex-
pression profiles. These anchors guide the joint embedding of
the two datasets. LIGER [93] and CoupleNMF [94] apply
NMF to extract shared low-dimensional representations.
However, linear models may struggle to capture complex
non-linear relationships across modalities. To address this,
unsupervised manifold alignment methods have been pro-
posed. MATCHER [95] employs Gaussian process latent var-
iable models to align modalities along a shared pseudotime
axis, while SCOT [96] uses optimal transport to align data-
sets by minimizing differences in intra-domain distance
matrices.

Deep learning-based methods have emerged as powerful
tools for integration of scATAC-seq and scRNA-seq. VAEs
are used in Cobolt [97], scMVP [98], and MultiVI [99] (from
the scVI-tools framework) to model high-dimensional
scATAC-seq and scRNA-seq jointly. scDEC [100] combines
VAEs with paired generative adversarial networks (GANs) to
simultaneously learn latent features and perform clustering.
Transfer learning approaches such as scJoint [101] further
enable label propagation from annotated scRNA-seq to
scATAC-seq data by learning a shared embedding based on
gene-level features.

Co-analyzing scATAC-seq and scRNA-seq
multiomics data

While gene regulation scores derived from scATAC-seq offer
a bridge to scRNA-seq integration, accessibility does not
always correlate directly with transcriptional activity. This
disconnect limits the accuracy of integrative analyses based
on separate assays. Multiomics technologies, such as 10X
Genomics Multiome [102] and SHARE-seq [103], overcome
this limitation by simultaneously profiling chromatin accessi-
bility and gene expression within the same cell, enabling di-
rect, high-resolution mapping between regulatory potential
and transcriptional output.

One approach for analyzing such data is weighted nearest
neighbor (WNN) analysis [104]. WNN independently pro-
cesses each modality, then learns cell-specific weights reflect-
ing the relative contribution of chromatin accessibility and
gene expression. A joint WNN graph is constructed by inte-
grating modality-specific similarity measures, enabling co-
clustering and downstream analyses that account for the
strengths of each data type.

Rather than differentially weighting scRNA-seq and
scATAC-seq multiomics data, MIRA [105] employs a proba-
bilistic topic modeling framework to embed both transcrip-
tomic and epigenomic data into a shared latent space. MIRA
jointly models gene expression and chromatin accessibility at
individual loci, generating regulatory potential (RP) scores
that quantify the contribution of accessibility to gene regula-
tion. By leveraging shared cell barcodes, MIRA maps
accessibility—transcription relationships across developmental
trajectories, distinguishing between chromatin features that
are coupled or decoupled from transcription. This enables re-
construction of high-resolution cell state trees and identifica-
tion of key regulators driving lineage bifurcations.
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Integrating scATAC-seq with bulk-level omics data

Bulk-level omics datasets, derived from well-characterized tis-
sues or conditions, offer deep coverage and rich annotations
that complement the cellular resolution of single-cell data.
Integrating scATAC-seq with bulk data enhances biological
interpretation by facilitating cell type annotation, regulatory
element identification, and TF activity inference. By combin-
ing the granularity of single-cell data with the depth of
bulk-level resources, these integrative strategies enhance the
resolution, interpretability, and functional relevance of
scATAC-seq analyses.

CellWalker [106] exemplifies this approach by integrating
bulk gene expression and scRNA-seq data to generate cell-
type-specific expression labels. These labels are connected to
scATAC-seq profiles via a similarity-based network. A diffu-
sion process propagates information across the combined
graph, producing a label-by-cell matrix for annotation and a
cell-by-cell matrix for clustering.

Bulk TF ChIP-seq data can also be leveraged to infer TF ac-
tivity in scATAC-seq. SCRIP [107] constructs a reference of
high-quality TF binding profiles from bulk ChIP-seq datasets
(e.g., from the Cistrome database), and uses GIGGLE [87] to
identify enriched TF binding events within single cells. It fur-
ther integrates these results with scATAC-seq peaks to pre-
dict downstream target genes of active TFs.

scATAC-seq data resources
scATAC-seq databases

Since the introduction of scATAC-seq, the accumulation of
chromatin accessibility data at single-cell resolution has
driven the development of dedicated databases to manage
and disseminate these datasets. Early repositories focused on
general purpose single-cell data, such as the Single Cell Portal
by the Broad Institute [108], CELLxGENE by CZI [109],
and the Human Cell Atlas [74] data portal. As the field has
progressed, more specialized platforms have emerged to
support targeted research applications. For instance,
scATAC-Ref [110] provides curated scATAC-seq datasets
with annotated cell types across five species, while scBlood
[111] offers insights into blood cell heterogeneity through
chromatin accessibility profiles. These databases typically of-
fer a searchable user interface, often include both raw and
processed data, and support multiple species. By facilitating
data discovery and selection, these resources enable research-
ers to explore chromatin accessibility across diverse biologi-
cal contexts. A curated summary of scATAC-seq databases is
provided in Table S2.

Simulation of scATAC-seq data

Simulated scATAC-seq data are essential for benchmarking
computational methods, allowing systematic evaluation of
sensitivity, specificity, and scalability in the absence of
ground truth in real datasets. Simulations also enable devel-
opers to assess method robustness under varying noise levels
and experimental conditions. While many toolkits include
custom simulations to demonstrate performance [23,25], in-
dependent simulation frameworks offer reproducible and un-
biased platforms for testing and optimizing analysis
pipelines.

SCAN-ATAC-Sim [112] generates synthetic data by down-
sampling bulk ATAC-seq from annotated cell types and
injecting tunable background noise, simulating diploid
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genomes through independent sampling of accessibility
events. sSimATAC [113] creates realistic bin-by-cell matrices
by learning key parameters, such as library size, sparsity, and
read count distributions, from user-supplied scATAC-seq
datasets. It then generates new data by sampling from
Gaussian mixture and polynomial models to match these dis-
tributions. These simulation tools provide valuable resources
for method development and validation across diverse
scATAC-seq applications.

Interactive visualization of scATAC-seq data

While many scATAC-seq toolkits provide basic visualization
functions for genome browser-style or cluster-level summa-
ries, interactive visualization platforms offer greater accessi-
bility, particularly for researchers without extensive
bioinformatics training. These tools allow users to explore
chromatin accessibility profiles dynamically, facilitating data
interpretation, collaboration, and dissemination both before
and after publication.

Visualization platforms initially developed for scRNA-seq
can frequently be adapted for scATAC-seq by replacing gene
expression features with chromatin accessibility data.
Essential features include metadata-driven highlighting, cus-
tom cell annotations, and web-based deployment [114].
Importantly, sustained support and ongoing development are
critical to maintaining usability as datasets increase in both
size and complexity.

Popular tools such as ASAP [115], the UCSC Cell Browser
[116], and CZ CELLxGENE [109] have become widely
adopted for hosting large-scale single-cell datasets. These
platforms support interactive browsing of public repositories
and allow researchers to build custom web portals for sharing
their own data.

Artificial Intelligence approaches

Recent deep learning models such as PeakVI [27],
PROTRAIT [117], and LINGER [118] have advanced
scATAC-seq analysis by leveraging variational inference and
transformer architectures to address data sparsity and un-
cover regulatory signals. PeakVI is a deep variational frame-
work that learns a latent embedding of chromatin
accessibility, preserving cellular heterogeneity, correcting
batch effects, and enabling single-region differential accessi-
bility analysis for cell type annotation [27]. PROTRAIT
employs a ProdDep Transformer to capture TF motif syntax,
supporting chromatin accessibility prediction, single-cell em-
bedding for cell type annotation, scATAC-seq denoising, and
single-nucleotide resolution inference of TF activity [117].
LINGER introduces a continuous-learning neural framework
that integrates atlas-scale external data and TF motif knowl-
edge to infer context-specific gene regulatory networks from
paired scATAC-seq and scRNA-seq data [118].

Foundation models are also beginning to transform the
field. CREformer, a 3-billion-parameter multimodal trans-
former pre-trained on 55 billion nucleotide sequences and
165 million single-cell multiomics profiles, enables zero-shot
prediction of master regulators, enhancers, gene regulatory
networks, and functional variants without fine-tuning [119].
EpiFoundation [120] uses cross-modal pre-training (encoding
nonzero peak signals and aligning them with matched
gene expression) to learn cell representations that carry out
downstream tasks such as cell type labeling, batch effect
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correction, and gene expression imputation. scGPT [121], a
generative pre-trained transformer trained on over 33 million
single-cell profiles, captures a “cellular language” model that,
once fine-tuned, achieves state-of-the-art performance in cell
annotation, multi-batch and multiomics integration,
perturbation-response prediction, and gene network infer-
ence. More recently, ChromFound [122] was introduced as a
foundation model tailored for scATAC-seq, utilizing a hybrid
architecture and genome-aware tokenization to deliver robust
zero-shot performance in cell representation and cross-
omics prediction.

A recent illustration of how experimental and deep learn-
ing innovation can converge is the ultra-throughput, ultra-
sensitive single-nucleus ATAC-seq protocol (UUATAC-seq)
[123], which is able to generates a genome-wide chromatin-
accessibility map for an entire species in a single day.
Coupled with UUATAC-seq, the mega-task deep-learning
model Nvwa cis-regulatory element (NvwaCE) learns higher-
order “regulatory grammar” directly from sequence and pre-
dicts candidate cis-regulatory element (cCRE) landscapes
with base-pair-level precision across multiple vertebrate
species. Integrating such ultra-high-throughput assays and
interpretable Al models into standard scATAC-seq pipelines
could accelerate variant prioritization, cross-species compar-
ative studies, and the clinical translation of regulatory
genomics.

Spatial applications

Recent advances in spatially resolved scATAC-seq have
enabled high-resolution chromatin accessibility profiling
within intact tissues. Newly emerging experimental platforms
now leverage spatial barcoding strategies to achieve near
single-cell resolution. For instance, microfluidic-based in situ
deterministic barcoding can deposit DNA barcode grids di-
rectly onto tissue sections, encoding positional information at
~ 10 um (near single-cell) resolution [124]. Alternatively,
solid-phase capture approaches use barcoded oligonucleotide
arrays on slides to bind TnS-tagmented fragments, enabling
genome-wide open-chromatin profiling with spatial resolu-
tion [125]. These approaches represent an improvement over
earlier methods such as sciMAP-ATAC, which employs com-
binatorial indexing of tissue micro-punches and is limited to
~ 200 um spatial resolution [126].

Concurrently, the integration of spatial epigenomics with
spatial transcriptomics [127] has progressed rapidly, sup-
ported by emerging analysis tools. Multimodal protocols
such as spatial- ATAC-RNA-seq enable simultaneous profil-
ing of the chromatin accessibility and gene expression within
the same tissue slice, directly linking regulatory landscapes to
local transcriptional programs [128]. To analyze the resulting
sparse, high-dimensional data, new computational tools have
been developed. These include methods for detecting spatially
variable chromatin accessibility peaks and domains (Descart
[129]), as well as integrative algorithms that map dissociated
scATAC-seq or multiomics datasets onto spatial coordinates
(SIMO [130]). Collectively, these advances enhance the
spatial epigenomics toolkit, allowing for increasingly
comprehensive  in  situ  reconstruction  of  gene
regulatory programs.

1

Conclusion

In conclusion, scATAC-seq is a powerful method for
exploring the epigenetic landscape of individual cells and
uncovering the diversity of chromatin structures and
regulatory functions. Ongoing innovations in experimental
protocols, including spatially resolved epigenomics, and
analytical approaches, such as those employing specialized
and large-scale Al models, are poised to further expand the
scope and resolution of chromatin biology at the single-cell
level. The analysis of scATAC-seq data involves various com-
putational steps, including quality control, alignment, peak
calling, dimensionality reduction, clustering, gene regulation
scoring, cell type annotation, and multiomics data integra-
tion. A growing array of tools and algorithms support each
of these tasks, though their performance varies by context, re-
quiring informed choices based on data characteristics and
study objectives. Interpreting scATAC-seq data also demands
careful consideration of biological relevance and methodo-
logical assumptions. When properly executed, scATAC-seq
analysis deepens our understanding of cell states, develop-
mental trajectories, and disease mechanisms.

Despite rapid advance, key challenges remain. First, the in-
creasing throughput of sequencing platforms, yielding more
sequenced cells per sample or deeper coverage per cell,
imposes growing computational demands on scATAC-seq
analysis, particularly with respect to memory usage. Recent
developments in computational technologies, such as leverag-
ing disk-based strategies to mitigate memory bottlenecks
(e.g., Scarf [131]), show promise. Second, the field requires
sustained community efforts to benchmark emerging meth-
ods for scATAC-seq analysis [132], establish standards, and
provide curated test datasets. An open-access benchmarking
platform could facilitate regular evaluations and competi-
tions, enabling developers and end-users to compare algo-
rithms on standardized datasets with known ground truth.
Open-science initiatives such as the DREAM Challenge [133]
and Kaggle’s multimodal single-cell integration competition
[134] exemplify frameworks for testing new algorithms on
standardized datasets with ground truth annotations. Finally,
future advances will benefit from incorporating ATAC-seq-
specific biases and features into single-cell analysis work-
flows. For example, TnS transposase cutting biases and
nucleosome positioning [135] remain largely overlooked due
to the sparse coverage of individual cells. As sequencing tech-
nologies evolve and data quality and coverage improve, ac-
counting for such ATAC-seq-specific biases and features may
enhance the resolution, interpretability, and biological accu-
racy of scATAC-seq data analysis.
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